Introduction
Real-world data (RWD) is a vital source of data that complements those gathered from clinical trials, and is increasingly used to inform health care decision-making processes in health technology assessment, regulatory, clinical practice, and post-marketing lifecycle management settings. 1 Large, longitudinal health care data sets can be derived from a wide range of real-world data sources, such as routine health care electronic medical records (EMRs), administrative health claims databases, registries, surveys, and personal health care devices. Electronic medical records and administrative health claims databases are the most common real-world data sources used to generate RWE for understanding disease burden, studying the use of medications, assessing effectiveness and safety of medication in real-world practice, and identifying unmet medical needs. 2, 3 Although administrative health claims databases are not designed for research, the information within them can yield valuable insights for specific research objectives, providing that robust methodology is used to detect patients and monitor their disease outcomes and treatment use.
Specific diseases and medical conditions are classified within administrative health claims databases using diagnostic codes, such as the International Classification of Diseases (ICD) codes. 4 These unique alphanumeric codes can be used alone or combined with claims information to create an algorithm for detecting patients of interest, or selecting disease or treatment outcomes.
Algorithms for a certain disease state or treatment outcome require validation in the context that they are going to be applied. Validation is performed by verifying patients identified using an algorithm against patients identified from medical records to evaluate the capacity of the algorithm for accurate detection. Sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) are commonly used quantitative measurements of this capacity; a high PPV is considered to reflect an efficient and robust tool. 5 Retrospective studies of administrative health claims data should be conducted, when possible, using validated algorithms to ensure quality and comparability with other research. However, validated algorithms may not be available from the literature and studies may make use of different algorithms. Therefore, researchers should establish the best methodology for performing these studies to ensure that robust and relevant research is conducted.
Several observational studies have been performed using routinely collected health data sources such as claims databases in patients with inflammatory bowel disease (IBD), which encompasses disorders characterized by chronic gastrointestinal inflammation, including ulcerative colitis (UC) and Crohn's disease (CD). 6 Various algorithms for the identification of IBD patients from claims-based databases have been employed in these studies 7, 8 ; however, no study has tested these different algorithms in the same data set to establish their accuracy for detecting patients with UC or CD. 7, [9] [10] [11] This study identified algorithms through a comprehensive literature review for application to the same database and aimed quantitatively to assess and compare the numbers of IBD patients identified, as well as the different classifications of IBD used.
Methods

Literature Review to Identify Algorithms
A comprehensive literature review was performed in the PubMed database to identify all algorithms in peer-reviewed journal articles used to detect IBD patients. We included studies that met the following criteria: (1) published before September 30, 2017; (2) retrospective; (3) identified IBD patients using claims databases; and (4) published in English. After screening of titles and abstracts, the remaining studies underwent full-text review for final selection of relevant algorithms. Publications from the bibliographies of selected studies were also examined against the above inclusion criteria. Information extracted from identified studies included the operational algorithm and administrative codes used for IBD identification, publication year, study setting, and population. Algorithms to be tested in this study were selected based on their quality, novelty, validation results, and citation numbers.
Data Source
Patients with UC, CD, or inflammatory bowel disease unspecified (IBDU; also known as indeterminate colitis) were identified from the Clinformatics® Data Mart (CDM; Optum, Eden Prairie, MN, USA) database, using the selected algorithms. 12 CDM is a large administrative health claims database that is geographically diverse, and includes patients from all 50 states in the United States. It comprises administrative health claims for patients with a health insurance plan from 1 large, national provider of health care insurance including Medicare Advantage coverage. The database was developed for billing and reimbursement purposes for all facility and physician claims in all settings including outpatient visits, hospitalizations, ambulatory care visits, emergency department visits, and so on. The CDM database encompasses 17 to 19 million lives annually and a total of approximately 57 million unique lives over the 10-year period from 2007 to 2017. The demographics of the population is similar to the US general population regarding age and sex: 22% enrollees are 0 to 17 years of age, 41% are 18 to 44 years old, 23% are 45 to 64 years old, and 14% are more than 65 years old; 49% are male and 51% are female. 13 The database contains statistically deidentified data in compliance with the Health Insurance Portability and Accountability Act (HIPAA), including demographic, diagnostic, and procedural information in the medical claims, and outpatient dispensed medications in the pharmacy claims. An important advantage of claims databases is complete data from a large number of participants, which provides the capability to study medication utilization longitudinally. 14 
Application of Algorithms
Each selected algorithm was applied to the CDM database to identify cohorts of patients with any form of IBD, UC, CD, or IBDU. Patient cohorts were examined to evaluate the numbers of patients identified by each algorithm for each disease classification, and whether patients were identified by more than 1 algorithm or exclusively by a single algorithm. A set of ICD-9 (555.x, 556.x) and ICD-10 (K50.x, K51.x) codes in any position were used to aid identification of IBD patients in the database (Table 1) . Venn diagrams were created for a visual representation of the size of the cohorts identified by each algorithm, including patients identified by single or multiple algorithms. Cohen Kappa statistic has been used to measure agreement between algorithms selected. 15
Results
Literature Review
Three appropriate algorithms were selected from the literature review (Table 1) . Algorithm A, developed by Herrinton et al, was based on medical claims with diagnosis codes for CD and UC, as well as pharmacy claims for IBD-specific medications to aid the identification of patients with IBDU. 7 Algorithm B was selected from a paper by McAuliffe et al 10 and was based on patient medical claims with diagnosis codes of UC or CD to identify IBD patients. 
INQUIRY
Algorithm C was taken from a study by Rezaie et al, 11 who developed and validated more than 150 case definitions with an aim to provide a validated administrative case definition for IBD. This algorithm was based on health care utilization captured in medical claims to identify IBD patients. Algorithms A and C have both been validated by chart review (although this was in a different population from the CDM database) and have PPVs of 81% and 97%, respectively. 7, 11 Algorithm B was initially developed using algorithm A and then adapted for use in another privately insured US administrative health claims database. It has not been validated using any data source.
Patient Identification Using Individual Algorithms
The largest number of patients was identified using algorithm A, which identified 323 833 patients with any form of IBD. Of these, 141 816 patients had UC (43.8%), 124 899 had CD (38.6%), and 57 118 patients had IBDU (17.6%; Figure 1 ). Application of algorithm B captured 246 953 patients with any form of IBD. This total comprised 117 313 patients with UC (47.5%), 108 100 with CD (43.8%), and 21 540 patients with IBDU (8.7%; Figure 1 ). It should be noted that algorithm B originally excluded patients with diagnoses of both UC and CD, but these patients were retained in our study to create an IBDU group for comparison. The smallest number of patients was identified using algorithm C, which retrieved 171 537 patients with any form of IBD, including 54 953 patients with UC (32.0%), 70 919 with CD (41.3%), and 45 665 patients with IBDU (26.6%; Figure 1 ). The proportion of patients with UC was 32.0% to 47.5% of the overall IBD population across the algorithms, depending on the algorithm applied, whereas the corresponding proportions of patients with CD or IBDU were 38.6% to 43.8% and 8.7% to 26.6% of the total population with IBD, respectively.
Patient Identification: Overlap Across the Algorithms
A total of 326 439 patients with any form of IBD were identified from the database using the combination of all 3 algorithms, with algorithms A, B, and C identifying 99.2%, 75.7%, and 52.5% of these patients, respectively ( Figure  2 ). Approximately half of the identified patients were captured by all 3 algorithms (164 525 patients, 50.4%). In all, 50.8% of the patients with any form of IBD identified by algorithm A were also captured by the other 2 algorithms, compared with 66.6% of patients detected by algorithm B that were also identified by algorithms A and C, and 95.9% of patients by algorithm C which were also detected by algorithms A and B. Algorithm A exclusively identified 72 491 patients (22.4% of all patients identified by algorithm A for this category) not captured by any other algorithm, compared with 2273 patients (0.9%) by algorithm B and 316 patients (0.2%) by algorithm C.
In total, 152 779 patients with UC were identified by any of the algorithms, with algorithms A, B, and C identifying 92.8%, 76.8%, and 36.0% of these patients, respectively ( Figure 3) . A cohort of 46 220 patients (30.3%) was captured by all 3 algorithms. Algorithm A exclusively identified 27 878 patients (8.6% of all patients identified by algorithm A for this category) not captured by any other algorithm, compared with 3438 patients (1.4%) by algorithm B and 6380 patients (3.7%) by algorithm C.
In total, 136 400 patients with CD were identified by any of the algorithms, with 91.6% of these being identified by algorithm A and 79.2% and 52.0% detected by algorithms B and C, respectively (Figure 4 ). Of this total, 60 220 patients (44.1%) were identified by all 3 algorithms; algorithm A identified the lowest proportion relative to its total for this category (48.2%), followed by algorithm B (55.7%) and algorithm C (84.9%). Algorithm A exclusively identified 19 089 patients (15.3% of all patients identified by algorithm A for this category), compared with 2180 patients (2.0%) being exclusively identified by algorithm B and 7833 patients (11.0%) by algorithm C.
For IBDU, 97 604 patients were identified by any of the algorithms, with the largest proportion of these being identified by algorithm A (58.5%), followed by 46.8% for algorithm C and 22.1% for algorithm B (Figure 5 ). The total proportion of patients captured by all 3 algorithms was much lower than that for the other categories (5.1%, 4970 patients). Of this shared cohort, only 8.7% contributed to the total identified by algorithm A for this category, versus 10.9% by algorithm C and 23.1% by algorithm B. Algorithm A exclusively identified 35 508 patients (62.2% of all patients identified by algorithm A for this category) not retrieved by any other algorithm, compared with 1209 patients (5.6%) by algorithm B and 39 138 patients (85.7%) by algorithm C.
Kappa measures have been explored to study measures of agreement between the 3 algorithms. Results showed a simple Kappa estimated value of 0.949 (95% confidence interval [CI], 0.947-0.950), indicating a strong agreement between algorithms A and B. A Kappa value of 0.494 (95% CI, 0.490-0.497) was observed for algorithms A and C, indicating a moderate agreement. Similarly, algorithms B and C yielded a similar Kappa value of 0.5184 (95% CI, 0.515-0.525), suggesting a moderate agreement as well.
Discussion
This study quantitatively investigated different claims-based algorithms to detect IBD patients in the same US-based claims database, to evaluate the differences in the numbers of patients identified with any form of IBD, UC, CD, or IBDU. There are several other algorithms that have been validated and applied to other health administrative databases to identify IBD patients. 9, 16 For algorithm selection, we considered differences and similarities between various validation populations and our study population to ensure that selected algorithms are representative of all validation studies. Algorithms validated in population largely different from privately insured US population were therefore ruled out for consideration. Algorithm A was validated in a regional comprehensive health records database containing both administrative claims and electronic health records. Algorithm B was used in another US national administrative health claims database which is the most similar to our study population. Last but not the least, algorithm C was validated in a single-payer universal health system in 1 Canadian province. Algorithm A by Herrinton et al demonstrated the most lenient criteria and identified the largest patient cohorts for each disease category, whereas algorithm C by Rezaie et al had high sensitivity and specificity and proved to be the most rigorous algorithm, consistently identifying the smallest patient cohort in each disease category except IBDU. The largest overlap between captured patient cohorts was seen with algorithms A and B, whereas algorithm C had the smallest overlap. This demonstrates that even validated algorithms can result in the selection of different patient cohorts from the same data set.
Algorithm A was the most lenient, with the least restrictions among the 3 algorithms included. Unsurprisingly, this algorithm picked up the most patients. The time between diagnoses is not specified in the criteria of this algorithm, and this may have resulted in the inclusion of patients that had been misclassified as having UC or CD.
Algorithm B by McAuliffe et al, adapted from algorithm A, is refined by the requirement of at least 2 diagnoses of UC or CD separated by at least 30 days. The 2 outpatient diagnoses more than 30 days apart is a commonly used method for identifying chronic conditions in claims databases due to the potential for clustering of care immediately following the first diagnosis. 17, 18 As anticipated, there was a large degree of overlap between the patient cohorts captured by these 2 algorithms. The timeframe specified between diagnoses as part of the algorithm B criteria may have helped exclude patients who had only a "rule-out" diagnosis recorded in their claims; it may also have increased the accuracy of detection by filtering out patients receiving multiple diagnoses as part of their initial presentation, thus reducing the number of potentially misclassified patients. This timeframe of separation between diagnoses is commonly used in algorithms to identify patients with other diseases in administrative health claims databases, and these algorithms have been shown to have greater accuracy for identifying patients than those with unspecified timeframes. 19, 20 Algorithm C identified the smallest IBD cohorts and can be considered the most rigorous and conservative algorithm. It differs from the other algorithms because it includes more stringent criteria, based on health care utilization, including numbers of hospitalizations, physician office visits, and ambulatory care visits, and requires the generation of a patient "IBD score" to distinguish between UC and CD. This algorithm not only addresses the clustering of care but also evaluates a patient's claims comprehensively to address for potential diagnosis switch from CD to UC. It has higher specificity and PPV compared with algorithm A (about 80%) 7 and can be assumed to identify IBD patients with more certainty than the other 2 algorithms, resulting in a lower number of patients inappropriately identified as having IBD. This high specificity is achieved by sacrificing sensitivity (although specificity was still more than 80%) and generalizability. The patient cohorts identified are different to the patients captured by the other 2 algorithms, exemplified by the reduced overlap between the patient cohorts identified by this algorithm and the other 2 algorithms. The stringent inclusion criteria may also select for patients with more severe and active IBD who require regular health care visits. As a result, algorithm C may be useful for performing studies in large data sets in which patients with confirmed disease and potentially more severe disease are of interest.
The algorithms differed greatly in the criteria used to define IBDU, and there were large differences in the patient cohorts identified for this disease category. Of the 97 604 patients identified by any of the algorithms, only 4970 patients (5.1%) were identified by all 3 algorithms. This inconsistency was also illustrated in the original Herrinton et al study, where the application of the single algorithm to a range of US health plan data sets retrieved different percentages of patients with IBDU. 7 The results of this study highlight how each data source and the behavior of each algorithm can differ, and the necessity of selecting an appropriate algorithm for use in different data sources. Using pharmacy information alone to identify IBD patients, without access to medical records detailing a specific diagnosis or IBD classification, may increase the number of patients recorded as having IBDU. Clinical notes are not available in health claims data, which can lead to further difficulty in identifying appropriate patients with certainty. 12 Variation in real-world settings may also contribute to discrepancies in data. Inconsistencies in clinical practice regarding IBD classification and treatment may lead to irregular coding across different points of health care contact and can result in 1 patient being registered with multiple diagnoses. 12 Variation in characteristics across the patient population within the database, such as age or disease severity, may also affect the sensitivity of the algorithms. For example, older patients may have multiple comorbidities and require increased health care interventions for reasons other than IBD, which may lead to the appropriate IBD code potentially being omitted on patient documentation as a result. The variation in the ability of the algorithms to identify patients with IBDU indicates that caution should be used when applying these algorithms, and, without further research on this topic, only algorithms for confirmed UC and CD or any form of IBD should be used to ensure greater certainty of detection. 12 No studies have previously compared different claimsbased algorithms for identifying IBD patients in the same database. The findings of this study help establish standardized methodology for conducting analyses of claims-based data on IBD, as well as helping interpret the validity and results for observational studies in IBD. In addition, this study supports and highlights the importance of defining disease in determining the outcome for prevalence estimation and also shows that modification in case definitions can result in considerable variance in prevalence estimates. In the area of observational research, we know that prevalence estimates are a cornerstone of health epidemiology and can provide critical RWE that impacts numerous aspects of the health care decision-making process. 21, 22 The number of patients with IBDU found by each algorithm may relate to newly developed or incident cases of IBD, which may explain the lack of clarity around official diagnoses. Equally, patients with confirmed diagnoses of CD or UC may feature in the number of IBD patients.
This study has several strengths. We used a large US longitudinal population-based data source that contained many IBD patients and provided sufficiently sized patient cohorts for comparison of algorithms. Importantly, the population in this database was diverse, spanning all 50 US states. In addition, this data source can be considered typical of a large proprietary claims database, in which such research would be performed, and is representative of a privately insured employed US population.
Conversely, we also note several limitations to our study. The database used was claims based and therefore this study is subject to the same limitations as other studies using similar data sources, such as potential misclassification due to inaccurate and inconsistent coding practice. 23 In addition, algorithm A was validated in Kaiser Permanent database which contains both administrative health claims and electronic health records, 7 whereas algorithm C was validated in a single-payer universal health system in 1 Canadian province. 11 As we know that claims data were collected for billing and reimbursement purposes, algorithms might perform differently in populations with different practice, billing, and coding patterns. However, it is not uncommon to conduct high-quality RWE studies using algorithms validated in different but similar populations. 10,24-28 Another limitation of this study is the generalizability outside of the insured population, as elderly and low-income populations are underrepresented, and its results may not be entirely applicable to countries other than the United States. Also, we did not include all published IBD algorithms in our study, but we wanted to open a dialog for further similar studies where all IBD algorithms can be compared and included. Our initial study is a first step in that direction. Finally, without confirmation from EMR review, we were unable to compare the validity of the 3 algorithms and identify one that best suits this database. However, we have demonstrated that algorithms can be reliable tools for performing real-world observational studies and provide valuable insights for future research. Procedure codes and pharmacy claims data are not often included in these algorithms. We recommend future studies to explore the inclusion of this valuable information in claims databases. Finally, the difference between primary and secondary diagnoses is worthy of further investigation in claims database methodology research.
This study did not aim to determine the superiority of the selected algorithms, but to demonstrate the capability of these algorithms in real-world observational studies by comparing the numbers of IBD patients identified from a single database, and emphasizes the importance of appropriate methods for identifying patients from a database. Although the algorithms tested are robust tools for performing observational studies in IBD, the choice of algorithm depends on the desired population of interest or the type of outcomes to be analyzed. The algorithms should be validated in identical or similar populations to those in which research will be performed to ensure that observational studies are conducted as robustly as possible, and with limited bias.
